The aim of this study was to build electronic algorithms using a combination of structured data and natural language processing (NLP) of text notes for potential safety surveillance of 9 postoperative complications.
limited. 13 An innovative and promising alternative for monitoring patient safety is the application of more sophisticated search strategies that incorporate natural language processing (NLP) to "mine" clinical documents to detect complications. 14 Prior studies extracting information from text have made only limited use of the full electronic health record (EHR) with most focusing on only a single type of document such as discharge summary, radiology report, imaging report, or diagnostic test. [15] [16] [17] [18] [19] [20] [21] [22] Few studies exist that have processed large samples of documents across multiple institutions, 8, 10 and none have included the complete repository of clinical notes across settings. If effective, computerized extraction of information from the total health record, including both structured data (such as clinical laboratory values and vital signs) and textual notes, would make an attractive means for routine surveillance of complications. Because the VA has an integrated EHR system, requiring all outpatient and inpatient documentation to be electronically stored, the VA is a suitable environment for demonstrating the potential strength of automated data extraction from the EHR.
In this study, we created algorithms based on both structured data and text codified by NLP software to define surgical complications reported in the Veterans Affairs Surgical Quality Improvement Program (VASQIP), a prospective surgical outcome surveillance program for comparing centers on risk-adjusted outcomes and quality improvement. 3, 23 The goal of the study was to develop a Post-Operative Event Monitor (POEM) to detect surgical complications using the full EHR across 6 hospitals. We compare the performance of POEM with VASQIP's review process consisting of manual nurse chart review as the reference standard for defining and coding occurrence of surgical complications.
METHODS

Sample
The study cohort included 45,159 surgical procedures on 33,565 patients from 1999 to 2006 at 6 VA medical centers in the Southeastern United States, which comprise our Veterans Integrated System Network. The VASQIP protocol limited chart review to major noncardiac surgical procedures. 3 For each VASQIP surgical procedure, trained nurse reviewers use a uniform data collection process to abstract the health records of patients to detect and record 30-day postoperative complications. An operation is defined as outpatient if the length of stay in the facility is < 24 hours. Cases with multiple surgical procedures within a 30-day period are pooled together to attribute patient postsurgical adverse events to the index surgery. Of the 21 potential postoperative complications abstracted by VASQIP, we targeted 9 adverse events, including those with higher incidence of occurrence and those used by the Agency for Healthcare Research and Quality as patient safety indicators 23-25 that electronically detected complications using ICD-9 codes. The patient safety indicator complications included sepsis, deep vein thrombosis, pulmonary embolism, myocardial infarction, and pneumonia and the additional complications included acute renal failure, cardiac arrest, urinary tract infection, and wound infection. VASQIP nurse interrater agreement on postoperative occurrences averages 95% and the k coefficient has been estimated at 0.67 for superficial incisional surgical site infections (SSI), 0.73 for deep incisional SSI, 0.57 for wound disruption, 0.82 for cardiac arrest, 0.46 for sepsis, 0.70 for urinary tract infection, 0.73 for acute renal failure, 0.65 for pneumonia, 0.60 for myocardial infarction, 0.81 for deep vein thrombosis, and 0.89 for pulmonary embolism. 3, 26 The local Institutional Review Board in each of the 6 participating VA facilities approved the study.
In this study, we retained all of the 4093 surgical procedures identified by VASQIP with Z1 of the 9 complications. We randomly selected 10% of the remaining VASQIP surgical procedures in the cohort with no complications, stratified by medical center and date of procedure. The total study sample included 8186 surgical procedures in 7743 patients. The study sample was then divided at random stratified by type of complication into a development set (n = 4098 surgical procedures) and a test set (n = 4088 surgical procedures), which over weighted the occurrence of surgical complications relative to the incidence in the VA population.
Structured data included the surgical complication outcomes obtained from the VASQIP program and demographics, vital signs, clinical laboratory, and pharmacy documentation in free text notes occurring 15 days preceding date of surgery to rule out preexisting conditions and 30 days after the date of the surgical procedure to detect postoperative complications. Types of notes were classified by the "note title" of the electronic template. The 291,665 notes processed for inpatient and same-day surgery patients included 17,960 imaging, 6560 discharge summary, 6867 operative, and 229,885 clinical progress notes (some operative notes were documented using a progress note template). The number of notes processed averaged 107 per case. These narrative clinical notes were parsed electronically for medical terminology and mapped to SNOMED CT concepts using the Multithreaded Clinical Vocabulary Server Natural Language Processing program. 27 SNOMED CT is considered the medical terminology with the greatest coverage of medical concepts. 28 Concepts in SNOMED CT are hierarchically organized, accounting for synonymy such that the terms heart attack and myocardial infarction are coded to the same concept. The full study database was comprised of the structured data, codified SNOMED CT concepts, and regular expressions (word phrases) for each surgical procedure.
Development of Algorithms
Clinical algorithms to identify postoperative complications were based on VASQIP-defined criteria. [29] [30] [31] Clinical teams comprised of general internal medicine and emergency medicine physicians, a surgeon, nurses, VASQIP nurse, and informaticians operationalized the VASQIP definitions into rules that were programmed using SQL database queries (see supplemental Appendix for details on definitions and algorithms, Supplementary Digital Content 1, http:// links.lww.com/MLR/A435). Rule components searching for indexed concepts from the SNOMED-CT vocabulary uniformly included the "children" of a hierarchical parent concept after the "children" concepts were reviewed to eliminate ones that were pediatric, perinatal, or non-postoperative manifestations of the conditions (eg, tropical infections, black lung, etc.). For example, the rule for acute renal failure included the SNOMED-CT parent concept of "dialysis," whose descendent concepts, "dependency on renal dialysis," "finding of measures of dialysis," "finding of adequacy of dialysis," and "adequacy of hemodialysis" were also captured by the rule. 3, 14 For wound infection, the algorithm included the SNOMED-CT parent concept "wound" but excluded SNOMED-CT children concepts such as "bite" wound, "sting" wound, and "insertion" wound because they do not characterize surgical wounds. These rule-based algorithms were then applied to the development database to detect the instances of the 9 complications (wound infections were combined into a single complication). The complications identified by POEM were compared with the reference standard to calculate sensitivity and specificity. Developing the algorithms for each of the 9 adverse events was an iterative process conducted on the development set attempting to optimize both sensitivity and specificity. Sensitivity was defined as the proportion of VASQIP-identified events that were identified by POEM. Specificity was defined as the proportion of procedures without a VASQIPidentified event that were not flagged by the corresponding POEM rules. The final rule maximized sensitivity without a loss in specificity, procedures on use of ROC curves and rule combinations are detailed in our prior publication. 25 
Analyses
The unit of analysis was the surgical procedure. POEM was run on extracted data from each surgical procedure in the test set to evaluate the performance of the final algorithm. For each complication, patients designated by VASQIP having the adverse event were cases and all patients in the dataset without the specific complication were controls. Statistics included the sensitivity, specificity, and positive predictive value for each of the 9 surgical complications and the 95% confidence interval using the Wilson Score method in R. 32 Descriptive statistics were performed using SAS version 9.2 (Cary, NC).
RESULTS
The development and test set patients were similar in demographics and clinical characteristics ( Table 1) . Patients had a mean age of 63 years and 95% were male, which was typical for the VA population (Table 1) . Seventy-three percent of the surgical procedures were inpatient. Seventeen percent had an American Society of Anesthesiologist preoperative score indicating severe systemic disease. 33 The sample was distributed across the 6 VA facilities in the same proportion as the surgeries in the VASQIP database, reflecting the size and surgical volume of the medical centers.
The performance of POEM in the development and test sets is shown in Table 2 . The performance in the test set was similar to the sensitivity and specificity in the development set, indicating that the rule development was not over fitted.
The sensitivity for the final rule across the 9 complications ranged from a low of 0.56 for deep vein thrombosis (DVT) to a high of 0.95 for urinary tract infection ( Table 2 ). Specificity ranged from a low of 0.63 for wound infection to a high of 0.97 for pulmonary embolism. Considering sensitivity and specificity concurrently, POEM performed best in detecting cardiac arrest at a sensitivity of 0.88 (95% CI, 0.83, 0.93) and specificity of 0.92 (95% CI, 0.92, 0.93) and worse for wound infection, sensitivity of 0.77 and specificity of 0.63.
The positive predictive value for each complication ranged from 0.15 for DVT to 0.58 for pneumonia (Table 3) . Because positive predictive value is affected by prevalence, we also report the positive and negative likelihood ratios to express the ability of an algorithm to discriminate between cases and controls. 34 A likelihood ratio of 1.0 indicates an equivocal or indeterminate test that conveys no meaningful information. Positive likelihood ratio values >1 characterize the strength of the algorithm to detect the complication and negative likelihood ratio values <1 indicates that the result is associated with the absence of the complication. For example, a likelihood ratio of 10 for acute renal failure (Table 3) indicates that patients with the surgical complication are 10 times as likely to test positive by POEM as those without the complication. The positive likelihood ratio ranged from 2.1 for wound infection to 27 for pulmonary embolism. The negative likelihood ratio ranged from 0.46 for DVT to 0.07 for urinary tract infection.
One advantage of using the full EHR is the inclusion of documents for outpatient visits. The rate of surgical complications recorded during hospitalization, postdischarge, and after same-day surgery is shown in Table 4 . The sensitivity performance of POEM remained fairly consistent across settings, except for the detection of deep vein thrombosis. In general, Table 4 shows that the algorithms identified postoperative events that occurred both after hospital discharge in the case of inpatient surgeries and after outpatient surgical procedures.
DISCUSSION
This study demonstrates the feasibility of automated detection and surveillance applications that combine structured data and text-mined EHR data. In all 9 classes of complications, the likelihood ratio showed considerable gain in the value of information for detecting complications compared with related prevalence rates. There was, however, substantial variation among the different postoperative complications as the 0.56 sensitivity for DVT was 20 points lower than the 0.77 for wound infection and 39 points lower than the 0.95 sensitivity for urinary tract infection. A review of POEM errors revealed that VASQIP nurses mistakenly classified some arterial thrombosis, generally occurring after vascular surgical procedures such as bypass, and surgical site hematomas as DVT. Therefore, some true positive cases as judged by the VASQIP review in our analysis were likely negative and adjusting for reference standard misclassification might improve the POEM measures of sensitivity and specificity. These results and the k coefficients of interrater agreement reinforce that, despite annual certification and experience, the nurses were indeed a reference and not a gold standard for our evaluation. The consequence is that the POEM findings reported in our paper are conservative. Interestingly, POEM detected a substantial number of complications during the postdischarge period. These findings reveal the ability of systems like POEM to use records that extend across settings to capture information on the full 30-day postdischarge episode of care, a period when many complications occur.
Hanauer et al 35 used a customized keyword search of only dictated clinical notes to obtain a sensitivity of 1.0 and specificity of 0.93 for postsurgical myocardial infarction and a sensitivity of 0.93 and specificity of 0.96 for postsurgical pulmonary embolism. The sensitivities in the Hanauer study were higher than the 0.88 for myocardial infarction and 0.80 for pulmonary embolism using POEM. String searches as applied in the Hanauer study required exact matching and a high degree of specification within the particular dataset to obtain such performance characteristics. The Hanauer keyword approach hand tailored over 4000 strings of keywords, including 1741 to exclude negative terms leading to false positives. This approach required on average 1.5 customized negative terms for every false-positive alert eliminated. The keyword approach seems to provide high accuracy but it is highly customized and does not represent a generalizable approach that reaches across the vast domain of medical concepts and across wide regional variations in style of documentation. Unlike the keyword approach, most NLP tools have an advantage of sharing a unified, large, and sophisticated medical vocabulary for knowledge representation of extracted medical concepts. NLP rules leverage the hierarchical relations of higher-order "parent" concepts and underlying "child" concepts contained in the standardized SNOMED CT medical terminology and common acronyms and abbreviations have been incorporated into the NLP vocabulary. In addition, NLP identifies positive, negative, and uncertain assertions in text, breaking up text into sentences and phrases that can be linked as components of rules (eg, 2 concepts must appear in the same sentence) or provide context for interpretation. In a similar vein, Elkin et al 36 were able to achieve a sensitivity of 1.0 and a specificity of 0.98 in detecting pneumonia in imaging reports. NLP applications conducted on a single type of note from a single institution for a single purpose generally perform quite well. [36] [37] [38] In our study, only 33% of the pneumonia cases had a text-based imaging report and, in VASQIP, pneumonia may be diagnosed on clinical or culture findings without confirmatory imaging. This suggests that generalizable, real-world applications of NLP may the processing of an entire clinical record to provide inclusive population surveillance. The sheer volume and diversity of documents both across providers within a medical center and between medical centers poses a substantial challenge to information exchange. 39 In their report on a computer-assisted algorithm to identify patients with surgical site infection, Price and Savitz 11 found a drop in sensitivity from an initial value of 0.93 to 0.38 when the algorithm which relied on structured data only was spread and findings pooled across additional medical centers. They concluded that further improvements may be difficult without information extraction from free-text notes and there could be value in exploring natural language programming. In our study, we applied NLP to thousands of patient records documenting over 8000 surgical encounters. Even within an integrated health care system such as the VA, we encountered wide heterogeneity in notes varying according to type of note, clinical provider, discipline, and practice patterns in style of documentation and individual preferences for formatting and structuring notes, local norms by medical centers in approval of forms, and inpatient and outpatient documentation. A key outcome of our study was demonstrating generalizability and economy of scale using general all-purpose NLP tools across this heterogeneity of documentation.
Another important finding of our study was that almost a third of targeted postoperative complications occurred either after hospital discharge or after an outpatient surgical procedure. In 400 consecutively discharged patients from a general medical service, Forster et al 40 found that 19% of the patients experienced a postdischarge complication. Hence, patient safety programs using the patient safety indicators that depend on administrative hospital coding of ICD-9 discharge diagnoses would consequently underestimate the overall number of adverse events due to the inability to capture outpatient and postdischarge complications. 41 As such the patient harm and cost to the health care system related to complications could be substantially higher than previously estimated.
Postsurgical adverse events result in higher morbidity, mortality, and costs. 23, 31, 42, 43 The implementation of VAS-QIP in VA hospitals has resulted in a 45% reduction in morbidity and 27% reduction in mortality. 44 However, the program requires manual chart abstraction costing several million dollars a year. 3 A trained VASQIP nurse abstractor can cover approximately 1600 charts per year, but labor consumes 85% of the cost of the program and fiscal constraint limits the coverage to just a proportion of surgeries. If automated tools can be built to interface with the EHR and support the full continuum of an episode of care, then the burden for data collection can be reduced and the coverage for surveillance and quality improvement can be extended to the total patient population. 14, 45 A first step toward such electronic surveillance is building automated algorithm tools like POEM that use structured data and NLP to screen the population of records.
Our study was conducted within the integrated health care system of the VA. A challenge for NLP is the documentation practices of clinicians and the forms and templates used for documentation not suitable for NLP processing.
Notes often contain short-hand abbreviations like "r" for the word "are" and context specific acronyms like "MI" for the state of Michigan versus myocardial infarction 35 and "CPRS" for the computer interface to the VA EHR versus cardiopulmonary resuscitation. Templated notes often contain leading questions for the clinician to answer or check which are difficult to separate from the clinician's entry of data and consequently confound the correct interpretation using NLP. Some reports, such as electrocardiograms, are often not in suitable format for text processing 46 and many are images scanned into the record that cannot be directly text processed. A multitude of such factors contributing to problems in quality of documentation in addition to events not captured or recorded in documentation also contribute to errors in NLP. These factors will require modification to either documentation practices or to enhancing NLP to recognize and interpret more contexts correctly in general purpose approaches such as the one applied in this study.
The institutionalization of the VA EHR provides one of the more extensive computerized environments matched by only a few non-VA settings. Although the VA setting limits the generalizability of this study, it does not diminish the impact on the potential meaningful use of the electronic record. The use of all electronic data in this study, both structured and narrative text, is a harbinger for the future development of informatics in health care.
Despite these limitations, our study demonstrated a robust clinical use for the application of NLP technology. Advances in applied informatics and further refinements to the POEM electronic chart review may enhance the tool's reliability and reproducibility for detecting prespecified outcomes; eliminate costly and time-consuming chart reviewer training; and demonstrate scalability and portability to a broad range of clinical conditions. Further enhancements to our NLP tool development include a machine learning tool for automated chart abstraction and annotation, 47 NLP extraction of event timing capable of distinguishing between preoperative conditions and postoperative complications, 48 and near-real time electronic extraction systems that provide clinical information for human-adjudicated 11 follow-up and decision making.
CONCLUSIONS
Using informatics to facilitate quality improvement is emerging as one of the meaningful end results of federal reimbursement incentives intended to facilitate adoption of the EHR. 49 Hospital systems with established EHRs, such as the VA, have a viable platform for automated tools that conduct routine assessment of patient safety, potentially reducing or replacing manual review efforts. The breadth and scope of this study demonstrates that the informatics field is providing easier access to patient clinical data that will substantially enable safety monitoring and quality improvement.
